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 9 
The usefulness of remote sensing (RS), geographical information systems, and ground observations for 10 
monitoring changes in urban areas has been demonstrated through many examples over the last two 11 
decades. Research has generally focused on the relief phase following a disaster, but we have instead 12 
investigated the subsequent phases involving early recovery, 13 
recovery, and development. Our aim was to determine to what extent integration of the available tools, 14 
techniques, and methods can be used to efficiently monitor the progress of recovery following an 15 
earthquake. Changes in buildings within the Italian city of L’Aquila following the 2009 earthquake 16 
were identified from Earth observation data and are used as indicators of progress in the recovery 17 
process. These changes were identified through (1) visual analysis, (2) automated change detection 18 
using a set of decision rules formulated within an object-based image analysis framework, and (3) 19 
validation based on a combination of visual and semiautomated interpretations. An accuracy assessment 20 
of the automated analysis showed a producer accuracy of 81% (error of omission: 19%) and a user 21 
accuracy of 55% (error of commission: 45%). The use of RS made it possible for the identification of 22 
changes to be spatially exhaustive, and also to increase the number of categories used for a recovery 23 
index. In addition, using RS allowed the area requiring extensive fieldwork (to monitor the progress of 24 
the recovery process) to be reduced. 25 
 26 
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Introduction 30 
On 6 April 2009, an earthquake with a magnitude of 6.3 MW struck the Italian city of L’Aquila 31 
(population of 72,800). The epicenter was located 3.4 km to the southwest of the city at a depth of 10 32 
km. L’Aquila is the capital of the province with the same name, and the capital of the Abruzzo region. 33 
Its location and a map of ground motion intensity during the earthquake are shown in Figure 1. 34 
 35 
# Figures 1, about here # 36 
 37 
The historical city was badly damaged, 308 people lost their lives, 1500 people were injured (202 of 38 
them seriously), 67,500 people were made homeless (Alexander 2010), and around 100,000 buildings 39 
were damaged (UNIFI 2011). Some academic sources stated that between 1.5 and 3 million tons of 40 
waste were generated as a result of this earthquake, of which 70–80% consisted of aggregate,masonry, 41 
and concrete (Brown, Milke, and Seville 2011;UNDP 2012), while other sources quoted figures of 42 
between four and five million tons (Díez 2010). The cost of the damage was estimated to be 16 billion 43 
euros (UNIFI2009).  44 
 45 
After the earthquake, the city center was declared a red zone. It was cordoned off and guarded by the 46 
army and the police in order to prevent the former inhabitants from accessing the buildings. During 47 
fieldwork in 2010, it was only possible to walk along the main axes (Viale Crispi, Corso Federico II, 48 
Vittorio Emanuele II, and Via Castello),and the streets around the city center (Via XX Settembre,Viale 49 
Duca Degli Abruzzi, and Giovanni XXIII) from which only heavily propped buildings could be 50 
observed. Nevertheless, no reconstruction work had begun, and the recovery of the city center seemed 51 
to have totally stagnated. New settlements (5722 apartments) to accommodate the 14,405 people left 52 
homeless by the earthquake had already been built outside the city. In 2012, the access to the red zone 53 
was a bit more flexible, and the recovery of the city center had partially begun (Contreras et al. 2014). 54 
 55 
Five years after the earthquake, there is no red zone anymore and the reconstruction activities are 56 
continuing, but this time at an accelerated rate. It is one of the largest construction sites in Europe today.  57 
 58 
Unfortunately the recovery of L’Aquila has been surrounded by political intrigues and scandals. Several 59 
discussions took place within the government with respect to the recovery of L’Aquila, which included 60 
the idea of relocating the whole city. A major reconstruction of L’Aquila was eventually agreed upon 61 
by the government. This is still underway. The new mayor announced that the city will receive 1.2 62 
billion euros next year, and another billion in 2017. 63 
 64 
In 2012, six Italian scientists faced a manslaughter conviction with 6 years in prison for failing to predict 65 
the deadly earthquake and for giving incomplete and contradictory information to the residents. The 66 
court stated that they were not able to accurately communicate the risk in 2009. Additionally, the court 67 
also ordered Italian authorities to pay 7.8 million euros ($10 million) in damages (Mullen 2012). 68 
 69 
All these circumstances have delayed the recovery process, which seemed slow and almost stagnated 3 70 
years after the earthquake, and only accelerated in 2014. These facts illustrate the importance of 71 
identifying and quantifying changes. Since some of those changes cannot be measured directly, they 72 
are expressed through proxies or indicators, respectively. Those indicators may then be aggregated into 73 
more complex spatial indicators. Ultimately, such spatial indicators are expressed through maps that 74 
spatially differentiate the progress of recovery. Ordinal or metric values are used for these maps as the 75 
recovery progress is also quantitatively described and mapped to support tasks like predicting the return 76 
of the investment spent on the reconstruction. 77 
 78 
The approach used to detect changes in a built-up environment during the early recovery, recovery, and/ 79 
or development phases differs from the approach used to detect changes during a relief phase because 80 
of their different priorities and indicators, as well as differences in data availability. During the relief 81 
phase, the priority is to identify the most affected areas as soon as possible in order to save as many 82 
lives as possible. During later phases, the priority is to detect changes in order to ascertain the progress 83 
being made in the recovery process, and also to determine the nature of that progress.  84 
 85 
The data that we used for the city of L’Aquila was collected by remote sensing (RS) and ground 86 
observations (GOs), and geographical information system (GIS) was then used to integrate the collected 87 
data. GOs pointed out by information on social, economic, institutional, and cultural aspects and at the 88 
same time were useful to validate the observations in the physical and environmental dimensions. The 89 
integration of this information from different sources allowed the authors to determine the recovery 90 
hotspots or areas with the best rates of recovery. The information extracted was dependent on the type 91 
of data available. The lack of upto-date satellite images covering areas affected by earthquakes or other 92 
disasters has been in the past an obstacle to monitoring recovery processes and to accumulating 93 
information concerning recovery mechanisms operating in different populations and communities, as 94 
has been previously pointed out by Karatani and Hayashi (2007). 95 
 96 
The reminder of this paper is organized into eight sections. The section “Literature review” starts with 97 
the concept of recovery and the presentation of post disaster phases; then it continues with the spatial 98 
component of recovery and finishes with the role of RS and change detection using object-based image 99 
analysis (OBIA) to monitor recovery of an area after an earthquake and tools used by other authors to 100 
collect GOs during a process of recovery. The next section describes the research objectives and 101 
hypothesis. The section “Methodology” combines RS, GO, and GIS to monitor the recovery of 102 
L’Aquila (Italy) after the emergency phase based on a monitoring schedule (2010– 2012–2014) adjusted 103 
according to the availability of the means, resources, and data. The number of changes detected, user 104 
and producer accuracy, error of omission and commission, as well as the new spatial variables detected 105 
through the use of RS, are described in the section “Results.” In the section “Discussion,” other variables 106 
and indicators that could have been included in the analysis are discussed, along with the advantages 107 
and disadvantages of using satellite images for detecting changes during a recovery process, problems 108 
with false positives, integration of visual and semiautomated analysis, the characteristics of the satellite 109 
images to be useful for detecting changes during a recovery process, and the methods for GOs. The 110 
number of changes observed, their categories, their significance in the framework of the recovery 111 
process after an earthquake, the problems to detect changes, the difference between the changes detected 112 
through visual and semiautomated analysis, the advantages and disadvantages of each method, the 113 
conclusions about the validation on fieldwork of the changes detected through RS, are presented in the 114 
section “Conclusions.” Further applications of RS to monitor recovery after an earthquake are presented 115 
in the section “Recommendations.” 116 
 117 
 118 
Literature review  119 
 120 
Recovery is considered as a “unique time” in which pre-actions can be undertaken in order to prevent 121 
and mitigate the long-term risks due to natural phenomena in the physical, economic, and social 122 
dimensions (Ozcevik et al. 2009). Recovery goes beyond the reconstruction of buildings and 123 
infrastructure; it implies the rebuilding of people’s lives and livelihoods (Chang 2009). According to 124 
Telford and Cosgrave (2007), it is a period of moving toward development, and it is described by 125 
Chamber (1997) as “good change.” Rather than a strictly defined phase, it is more context and location 126 
specific, defined by the actions of the affected community. Recovery following an earthquake is a 127 
complex multidimensional long-term process involving planning, financing, decision making and 128 
reconstruction, aimed at restoring sustainable living conditions to a community or an area strongly 129 
influenced by vulnerable conditions in the physical, social, economic, institutional, cultural, and 130 
ecological dimensions that existed prior to the event (Contreras et al. 2011). This process is usually 131 
divided into four phases according to the United Nations Development Programme, namely the “relief,” 132 
“early recovery,” “recovery,” and “development” phases (UNDP 2008).  133 
 134 
While several indices have been developed to measure vulnerability, only relatively few authors have 135 
considered a recovery index (Karatani and Hayashi 2007). Noteworthy is the work of Shohei (2007), 136 
Chang (2009), and particularly, Brown, Platt, and Bevington (2010), who used spatial indicators to 137 
measure the recovery progress in Ban Nam Kem (Thailand), which was struck by the 2004 Indian Ocean 138 
tsunami, as well as Chella Bandi Muzaffarabad, Pakistan, which was hit by the 2005 Kashmir 139 
earthquake. Measuring the spatial component of recovery is important since both disastrous events and 140 
the subsequent recovery processes take place in well-defined spatial contexts. Spatial indicators are 141 
visible measurements of the stage reached in the recovery process, making it easier to design a recovery 142 
plan during the early stages and to make subsequent evaluations of the progress. Monitoring a recovery 143 
process allows us to keep any emerging causal factors of vulnerability under control and thus to avoid 144 
reproducing the prexisting conditions that may have contributed to the original disaster. It also provides 145 
data that can be used to assess the resilience of a community, and can also encourage the formulation 146 
of preimpact recovery plans (or the improvement of existing recovery plans) for other locations around 147 
the world.  148 
 149 
The usefulness of RS imagery in developing damage indication maps for urban areas during the relief 150 
phase following earthquakes has already been demonstrated in, for example, central Java, Indonesia 151 
(Kerle 2010; Miura, Midorikawa, and Kerle 2010), L’Aquila, Italy (Tiede 2010; Uprety and Yamazaki 152 
2010), Haiti (Tiede et al. 2011; Voigt et al. 2011), Iran (Vu, Matsuoka, and Yamazaki 2005), and 153 
Fukushima, Japan (Sanz 2012, 2013). This has been achieved through the derivation of physical 154 
indicators during the relief or early recovery phases following a disaster. Advances in RS technologies 155 
have turned satellite images into valuable tools for collecting data on urban change during a post disaster 156 
phase (Liu and Yamazaki 2010).  157 
 158 
In May 2010, Bevington et al. (2010) made an attempt to monitor progress during the early recovery 159 
phase following the January 2010 earthquake in Haiti, combining RS observations with GOs collected 160 
through a variety of methods (including interviews and community meetings) in order to test the 161 
correlation between socioeconomic disruption and the degree of physical damage. These authors found 162 
that the limitations of RS in explaining the changes in a post disaster landscape could be overcome by 163 
using information collected through GOs.  164 
 165 
High-resolution satellite imagery was considered by Brown, Platt, and Bevington (2010) to be a useful 166 
tool for the direct observation of recovery following a disaster. The main advantage is the accuracy and 167 
reliability of the data collected, while the main disadvantage is that some aspects of recovery are not 168 
evident in satellite images. This disadvantage can, however, be overcome by combining imagery 169 
analysis with GOs (Brown, Platt, and Bevington 2010). This requires the satellite imagery to be 170 
transformed into information that can be combined with other data sets, which is achieved using GIS 171 
(Blaschke 2010).  172 
 173 
The EU Services and Applications for Emergency Response project analyzed the ground deformation 174 
in Italy’s Abruzzo region due to the L’Aquila earthquake. The objective was to achieve a thorough 175 
understanding of the seismic activity and to identify areas prone to landslides as a secondary 176 
consequence of the earthquake. These objectives were achieved using ENVISAT images (Goudarzi, 177 
Woldai, and Tolpekin 2011). The results yielded millimetric measurements of the ground deformation 178 
produced by the L’Aquila earthquake. Synthetic aperture radar interferometry and the sub-pixel 179 
correlation technique were also used by Goudarzi, Woldai, and Tolpekin (2011) to measure ground 180 
surface deformation within the satellite’s line of sight following the L’Aquila earthquake.  181 
 182 
Brown, Platt, and Bevington (2010) applied a pixel-based approach and the maximum likelihood 183 
algorithm to classify impervious surfaces and extract information concerning the demolition and 184 
removal of badly damaged buildings and the erection of new ones. The same authors applied a series 185 
of semi automated methods for identifying changes in land cover types and green spaces using the 186 
normalized differenced vegetation index (NDVI) and a maximum likelihood supervised classification. 187 
The land cover indicators studied were erosion and degradation, deforestation, and construction. Brown, 188 
Platt, and Bevington (2010) argued that monitoring environmental recovery or degradation should 189 
include nonurban land cover classes such as vegetation-based habitats (sparse vegetation, thick 190 
vegetation) and water bodies, as well as urban classes such as bare ground, impervious surfaces, and 191 
buildings. 192 
 193 
Urban analysis using RS imagery has, in the past, mainly followed a pixel-based approach. This 194 
approach has several limitations (especially when analyzing very high-geometrical resolution (VHR) 195 
images) and does not provide the broad context that is required when extracting proxy indicators for 196 
social and economic dimensions. Blaschke et al. (2014) suggested that the pixel paradigm was coming 197 
to an end and that OBIA or geographic object-based image analysis methods are becoming increasingly 198 
important in the context of spatially explicit information extraction workflows, which, according to the 199 
authors, are also the most suitable for spatial planning and monitoring programs. Discussions 200 
concerning the advantages of an OBIA approach over a pixel analysis approach started several years 201 
ago. Blaschke and Strobl (2001) pointed that, while pixel-based analysis is based on the spectral values 202 
of the pixels, OBIA also takes into account spatial concepts or relationships between the objects under 203 
analysis, such as their locations and separations, topological connectivity, directional characteristics, 204 
neighborhood context, multiple scales, spatial patterns, shape, compactness, boundaries, and so on. 205 
Change detection analysis using OBIA provides the opportunity to consider object-based features such 206 
as geometry, neighborhood, statistics, and context information. Furthermore, recent studies have 207 
suggested that OBIA using VHR imagery can yield greater accuracy than pixel-based change detection 208 
analysis (Cheng et al. 2013). OBIA makes use of concepts that have already been employed in RS image 209 
analysis for several years, such as segmentation, edge detection, feature extraction, and classification 210 
concepts (Blaschke 2010). Its offers a bridge between spatial concepts applied in landscape analysis, 211 
GIS, and GIScience, providing synergy between image objects and their radiometric characteristics and 212 
analyses in Earth observation data. In order to detect damage to buildings in L’Aquila, Uprety and 213 
Yamazaki (2010) used high-resolution synthetic radar aperture imagery from the TerraSAR-X satellite 214 
(Xband, wave length 3.1 cm) together with high-resolution QuickBird optical images (Uprety and 215 
Yamazaki 2010). They used two sets of data: one pre-seismic and the other post-seismic. Their concept 216 
for damage detection using microwave radar technology was based on the hypothesis that damaged 217 
buildings would give a weaker backscatter return to the satellite receiver than undamaged buildings 218 
(Uprety and Yamazaki 2010). They also estimated the NDVI from the postevent QuickBird image 219 
(multispectral, four bands). 220 
 221 
An OBIA-based automated approach for deriving indications of damaged buildings in L’Aquila has 222 
been applied by Tiede (2010). His change detection analysis was based on differences between shadows 223 
cast by buildings before and after the earthquake, and was mainly oriented toward the detection of 224 
partially or totally collapsed buildings using an algorithm published in Tiede et al. (2011). This 225 
methodology requires pre- and postdisaster images with similar recording angles. The change detection 226 
analysis was carried out through rule sets for information extraction written in Cognition Network 227 
Language, in the eCognition software (Trimble Geospatial). An automated spatial comparison (size, 228 
shape, etc.) was conducted of “shadow objects” extracted from pre- and postearthquake images; the size 229 
and shape of missing or changed shadow objects served as an additional indicator of damage impact. 230 
The likely damaged buildings were visualized by applying Kernel density methods and weighted 231 
according to the difference in size of the shadow objects in the postdisaster image, as shown in Figure 232 
2. The red tones in the figure highlight damage hot spots and the sizes of the circles are proportional to 233 
the changes in shadow, and hence to the probable magnitude of the damage (Tiede 2010).  234 
 235 
# Figures 2, about here # 236 
 237 
Global positioning system (GPS) or geospatial videos were also used by Mills et al. (2010) to study the 238 
recovery process at a neighborhood scale following the 2007 wildfires in southern California, and to 239 
document cultural resources in the Holy Cross neighborhood of New Orleans after Hurricane Katrina. 240 
These authors used spatial videos, based on linking videos with coordinates obtained by a GPS receiver. 241 
This approach increases the efficiency of the data collection during fieldwork, potentially for multiple 242 
time periods, because the houses in the neighborhood can be categorized according to their building 243 
conditions in each interval of the monitoring process and allows recording comments from members of 244 
the community concerning their satisfaction levels with the postdisaster recovery process (Mills et al. 245 
2010). Due to the reasons mentioned, geospatial video was considered by these authors to be the most 246 
suitable tool for collecting detailed qualitative and quantitative, spatial and temporal data in a dynamic 247 
postdisaster environment (Mills et al. 2010).  248 
 249 
A combination of direct observations (RS and GOs) and social audits (focus group meetings, household 250 
surveys, and key informant interviews) was used by Brown, Platt, and Bevington (2010) to monitor and 251 
evaluate recovery following the 2004 Indian Ocean tsunami and the 2005 Pakistan earthquake. The 252 
authors suggested that GOs could serve as part of the direct observations through ground surveys using 253 
GPS videos or as part of the social audit tool for measuring recovery through focus meetings, household 254 
surveys, and key informant semistructured interviews, and that methods that complement each other in 255 
this way should be combined. These tools allow the collection of accurate qualitative data concerning 256 
subjective perceptions and the factors affecting the satisfaction levels of the population. In addition, 257 
these tools offer insights into the occupancy and maintenance levels of the buildings, the progress and 258 
quality of the reconstruction work, the prosperity and attractiveness of an area, and the functionality of 259 
local shops, hospitals, churches, and commemorative features, and they can even allow estimates to be 260 
made of how long the reconstruction will take. GOs contribute by helping to validate results from 261 
satellite imagery and to answer any queries concerning building use or the degree of damage. Brown, 262 
Platt, and Bevington (2010) used geocoded imagery, photographs taken by a GPS camera, and videos 263 
linked to the VIEWS™ (Visualizing Earthquakes with Satellites) system.  264 
 265 
The ability to carry out GOs also provides an opportunity to collect official reports, publications, and 266 
statistics (Brown, Platt, and Bevington 2010), as well as to experience at first hand the progress and 267 
difficulties of the different postdisaster phases. However, any documents collected need to be carefully 268 
checked because they may have a political bias and because sometimes very little of the information 269 
contained in them is relevant and/or useful or at the required scale (Brown, Platt, and Bevington 2010). 270 
The main disadvantage of ground surveys is that they can be expensive, time consuming, and even 271 
dangerous in some cases. 272 
 273 
 274 
Research objectives and hypothesis 275 
 276 
This paper presents a methodology based on spatial indicators for monitoring a disaster recovery 277 
process following an earthquake by integrating RS techniques, GIS, and GO methods. The methodology 278 
integrates spatial indicators that can be monitored not only during the relief phase but also during the 279 
early recovery, recovery, and development phases (if they occur). The integration of these methods and 280 
techniques provides indicators in the physical dimension, from which it is possible to derive proxy 281 
indicators in the social and economic dimensions. The specific objectives of the presented research were 282 
to demonstrate the potential of integrated RS, GIS, and GOs for monitoring postdisaster recovery 283 
processes beyond the relief phase and to design a model for monitoring each recovery phase using 284 
specific indicators, together with suitable tools and techniques with which to carry out this task.  285 
 286 
The usefulness of RS, GIS, and GOs for monitoring changes in urban areas has been previously 287 
demonstrated as it was presented in the literature review. Our research has, however, focused on the 288 
extent to which the integration of these tools, techniques, and methods can be used to efficiently monitor 289 
the recovery process not only during the relief phase but also during the subsequent phases of early 290 
recovery, recovery, and development.  291 
 292 
Monitoring the progress of recovery is an integrated process that requires an understanding of the 293 
vulnerabilities that existed before the earthquake; it involves the extraction of indicators in the physical, 294 
social, economic, institutional, cultural, and ecological dimensions in order to avoid impending 295 
vulnerability and assessing resilience.  296 
 297 
Previous research has established spatial variables for recoveries following earthquakes that could be 298 
integrated to form indicators, as well as an index of progress for every recovery phase in the physical 299 
and socioeconomic dimensions (Contreras et al. 2014). Having identified the variables and indicators 300 
for each recovery phase, it was then necessary to design a methodology based on geospatial tools and 301 
techniques that could be used to combine these variables and indicators, and then integrate them into a 302 
recovery index, which in turn could be used to measure the recovery progress (from 2 to 5 years 303 
following the event) and the development progress (from 3 to 10 years following the event) during the 304 
later postdisaster phases in an affected urban area.  305 
 306 
We had previously combined GO, GIS, and RS data from between 2009 and 2013 in order to compile 307 
a map indicating the degree of damage and to monitor the changes in land use in L’Aquila following 308 
the earthquake (Contreras et al. 2013, 2014). In this study, we have further explored the ability of 309 
geospatial tools and techniques focusing on additional spatial indicators of recovery at a finer scale.  310 
 311 
We used an OBIA approach for automated damage indication and compared the results with visual 312 
interpretations. The object-based analysis technique can be useful for deriving physical indicators and 313 
proxy socioeconomic indicators in a spatial context and at a local level from VHR imagery, with a 314 
greater accuracy than is possible using pixel-based approaches (Gamba, Dell’Acqua, and Dasarathy 315 
2005; Blaschke 2010; Kerle 2010; Mills et al. 2010). OBIA also attempts to bridge the gap between RS 316 
and GIS, allowing the aggregation of information and multiscale representation of the results, thus 317 
offering the possibility of a more comprehensive assessment of the recovery progress during each phase. 318 
GOs provide detailed data that are used to validate the information derived from RS and can be 319 
integrated through GIS.  320 
 321 
RS tools (satellite imagery and/or aerial photography) allow rapid identification of the most affected 322 
areas in a city following an earthquake (within the limits of the bird’s eye view of the imagery and the 323 
spatial and spectral resolutions). During an emergency, GO methods such as field surveys are carried 324 
out to determine the degree of safety of buildings in a city and to develop a map indicating the degree 325 
of damage (Contreras 2009). However, it may not be possible to repeat this exercise 3, 5, or 10 years 326 
later to provide a record of progress in the postdisaster phases and to monitor the achievements of the 327 
recovery process, mainly because of the costs involved. Our research has yielded a method that can be 328 
used to monitor the different phases of a city’s recovery, based on spatial indicators derived by 329 
geospatial techniques; such a task would otherwise be both time consuming and expensive, and the 330 
observations would be difficult to document. 331 
 332 
 333 
Methodology  334 
 335 
We define monitoring as the observation of a process over a period of time in order to discover the rules 336 
that regulate the process. In disaster management, the rules that control the postdisaster recovery process 337 
vary from one society to another, depending on their levels of vulnerability. The authors consider that 338 
the monitoring of recovery processes should be orientated toward the accumulation of information and 339 
the establishment of lessons learnt, which will later allow us to develop an index for measuring not only 340 
the progress toward restoring the situation that existed prior to the event but also to improve on that 341 
situation. A monitoring schedule, including details of the tools used to collect the data, was defined as 342 
an essential part of our research. This schedule was formulated from the start of the program, but 343 
subsequently adjusted according to the availability of the means, resources, and data required for the 344 
research. This monitoring program is detailed in Table 1.  345 
 346 
# Table 1, about here # 347 
 348 
The same zone that was assessed by Tiede immediately after the earthquake (Tiede 2010), that is, the 349 
historical center of L’Aquila, was also selected as a sampling area for a previous publication (Contreras 350 
et al. 2014). There were several reasons why this area was selected: the city center was the area most 351 
affected by the earthquake, the local scale reveals the heterogeneous patterns of recovery and its 352 
influence on the well-being of the community, and finally the city center is usually the most 353 
representative district of any city in the world (Lynch 1960).  354 
 355 
In order to monitor the progress of the recovery on the basis of changes in the physical dimension and 356 
to be able to later validate the information with GOs, our research focused on changes in buildings 357 
within L’Aquila following the earthquake.  358 
 359 
We used two methods for change detection: visual inspection (also known as manual interpretation) 360 
and semiautomated analysis. We carried out visual inspection by first comparing satellite images before 361 
the earthquake (2006) and after the earthquake (2009) in order to detect any damage to buildings. The 362 
image from after the earthquake (2009) was then compared with a satellite image from 2011 in order to 363 
detect any progress in the recovery process. The search for changes between the 2009 and 2011 images 364 
was supported with satellite images posted on the web site of the Servizio per l’Informazione 365 
Territoriale e la Telematica/Ufficio Sistema Informativo Geografico to compare the high-resolution 366 
images of L’Aquila from 2006 and 2009 in order to identify the damaged buildings and then observe 367 
the changes on them along the time in the image from 2011. This search for changes and damages was 368 
also supported by Google Earth, the damage indication maps produced by Tiede (2010), the Noi 369 
Abruzzo magazine, edited by the commission of reconstruction of L’Aquila, which disseminated 370 
information about the projects, laws with respect to the recovery, plans, programs, and the progress of 371 
the reconstruction in L’Aquila, and the damage degree map that we produced for a previous publication, 372 
which also incorporates relevant information from the mentioned sources. 373 
 374 
The original semiautomated damage analysis by Tiede (2010) was part of the L’Aquila Area Earthquake 375 
investigations organized by the European Space Research Institute and the European Space Agency, 376 
with the aim to compare the results obtained using automated damage assessment algorithms with those 377 
obtained from methods applied by other institutions. QuickBird images were used in these 378 
investigations, and the results have already been presented in Figure 2. The analysis was designated a 379 
semiautomatic analysis due to the integration of expert knowledge into the decision rule set in order to 380 
assist in the change detection and refine the results and tailor the method to the specific data available. 381 
In order to be able to detect changes in L’Aquila during the early recovery and recovery stages, we 382 
acquired an additional QuickBird image from 2011.  383 
 384 
Change detection analysis following an earthquake identifies changes in the ground/earth surface as 385 
well as the man-made structures such as buildings, irrespective of whether the changes reflect damage 386 
due to the earthquake or are due to either reconstruction or demolition. An easy, time-effective way to 387 
detect buildings is through the integration of ancillary spatial information, such as the outlines of 388 
buildings from, for example, a cadastral map, which in the case of L’Aquila is dated from 2006. Such 389 
additional information has therefore been incorporated into our analysis. This “parcel-based” 390 
segmentation approach was completed with two segmentations based on the 2011 image prior to the 391 
multiscale classification.  392 
 393 
The classification of buildings in the 2011 image was based on these initial image segmentations, as 394 
well as on further object refinement processes, the classification of objects, and the detection of changes 395 
between objects. Our change detection approach was based on an initial classification of the 2011 image 396 
and a comparison of the resulting classes (and objects) with the spectral information from the 2009 397 
image, within an integrated environment.  398 
The main features used to distinguish changes in buildings between 2009 and 2011 were 399 
 ● Spectral features: Objects that showed significant changes in their spectral information between 2009 400 
and 2011. They were identified as initial candidate objects.  401 
● Textural features: Features based on the textures of objects, such as differences in the gray-level 402 
difference vector mean and the gray-level cooccurrence matrix, were mainly useful for detecting 403 
changes in roof textures, focusing on built-up areas only (as determined from the incorporated cadastral 404 
map).  405 
● Geometric features (describing the form of an object) such as, for example, roundness, were used to 406 
differentiate compact or regular (manmade) objects from natural objects.  407 
 408 
The preliminary results were further analyzed to reduce the number of false positives and improve the 409 
overall accuracy. This was achieved by investigating class-related spatial features such as the 410 
neighborhood between objects identified in the preliminary classification as having changed in order to 411 
identify other objects with a high probability of also being affected by changes, for additional analyses. 412 
Form descriptors and object sizes were used to reject any large elongate features that were likely to 413 
have been incorrectly classified due to changes in shadow between the two images.  414 
 415 
The change detection analysis of buildings involved comparing the previously classified areas and 416 
objects (on coarse and fine scale) with the same areas and objects in the 2009 image. Debris from 417 
demolished buildings was easily detected due to differences in intensity, texture, and brightness. Spatial 418 
similarity in neighboring pixels, which is the concept of texture measurements, was useful for 419 
identifying similar object classes that did not exhibit any changes. The semiautomated analysis 420 
deliberately considered only changes in existing buildings and did not recognize new buildings as 421 
changes; apart from that, it was implemented with the objective of providing a rapid identification of 422 
changes without taking into account any different categories of change. A visual inspection of the 423 
change indications was in any case necessary in order to identify recovery indicators and categorize the 424 
automatically identified changes according to their indicator classes.  425 
 426 
The GOs were made during three field visits to L’Aquila between 2009 and 2014: one in 2010 (1 year 427 
after the earthquake), another in 2012 (3 years after the earthquake), and the third in 2014 (exactly 5 428 
years after the earthquake). The main activities during fieldwork comprised (1) visits around, and to the 429 
former red zone, whereby the main goals of these visits were to take geotagged pictures and to record 430 
the condition and use of buildings; (2) visits to the new settlements around L’Aquila; (3) the collection 431 
of spatial data sets for integration in GIS; and (4) interviews with community members living in the 432 
new settlements, and with members of the Department of Civil Protection and the L’Aquila City 433 
Council (Settore Ricostruzione Pubblica – ufficio Progettazione). During the 2012 visit, it was 434 
necessary to spend more time in the city center than originally planned as the size of the restricted area 435 
had been reduced and the controls on access were less strict, which meant that we had the opportunity 436 
to observe the conditions of buildings that we were not able to observe in 2010. The main objective of 437 
the fieldwork carried out in 2014 was to validate the changes detected using RS techniques, which was 438 
possible because the access restrictions had by then largely been lifted. Only access to certain particular 439 
buildings was prohibited, either due to the level of damage or because of internal reconstruction work. 440 
 441 
GIS was used to integrate the GOs from 2010 and 2012, as well as information obtained from documents 442 
about the reconstruction such as the Noi Abruzzo publication collected during fieldwork, the report on 443 
the European Commission-funded MICRODIS project (UNIFI 2011), and the results from the 444 
automated analysis carried out by Tiede (2010). The integration of this information made it possible to 445 
create a geospatial database of the degree of damage, land use restrictions, building conditions, and 446 
building use classifications in L’Aquila. This database was later used to monitor the changes in these 447 
features in 2010 and 2012, with respect to 2009. We reconstructed a map showing the building use in 448 
L’Aquila before the earthquake by integrating the information available in Google Maps for 2010 with 449 
the 3D model of the city of L’Aquila in Google Earth, which includes images of L’Aquila before and 450 
after the earthquake. Another source of information regarding the building use was the observation of 451 
the commercial announcements on the top of the doors, or next to them in the GPS-tagged photographs 452 
taken during the fieldwork (Contreras et al. 2014). The integration of the information collected and its 453 
subsequent analysis was carried out through GIS, as depicted in Figure 3.  454 
 455 
 456 
# Figures 3, about here # 457 
 458 
Each category of change to buildings identified through the visual and semiautomated analysis was then 459 
integrated as a variable into the framework of spatial recovery indicators. Each category of change was 460 
allocated a value (in a process involving expert judgment) according to its contribution to the progress 461 
of the postdisaster recovery process, as proposed in the methodology formulated by Contreras et al. 462 
(2014). A schematic representation of the entire monitoring methodology applied in the research 463 
presented herein can be found in Figure 4. 464 
# Figures 4, about here # 465 
 466 
 467 
Results  468 
 469 
Visual analysis of the 2011 satellite image identified 43 changes in buildings, as shown in Figure 5. 470 
Thirty new buildings were also detected by this method. In contrast, semiautomated analysis identified 471 
148 changes in buildings, as shown in Figure 6.  472 
 473 
# Figures 5, about here # 474 
# Figures 6, about here # 475 
The number of changes per category considered as variables identified through both manual 476 
interpretation and semiautomated analysis is presented in Table 2, together with accuracy assessment 477 
results. The first line of the table is empty because the semiautomated method did not search for new 478 
buildings and these results can therefore not be compared or included in the accuracy assessment. 479 
 480 
# Table 2, about here # 481 
 482 
In summary, 43 changes in buildings were identified using purely visual analysis and 148 using 483 
semiautomated analysis. However, only 81 of the total changes in buildings detected through 484 
semiautomated analysis were confirmed as true positives by GO, which corresponds to a user accuracy 485 
of 55%, a producer accuracy of 81%, and an error of omission of 19%. The remaining 67 changes were 486 
false positives, which mean an error of commission of 45%. The changes identified through visual and 487 
manual interpretation were validated during fieldwork, as shown in Figures 7 and 8.  488 
 489 
# Figures 7, about here # 490 
# Figures 8, about here # 491 
 492 
The change categories identified through visual and semiautomated analysis of the satellite images over 493 
L’Aquila were integrated as variables into an indicator of building condition. Such an indicator was 494 
previously proposed by Contreras et al. (2014) as a means of detecting the progress of recovery after an 495 
earthquake in the physical dimension. The new spatial variables integrated into the building condition 496 
indicator are shown in Table 3.  497 
# Table 3, about here # 498 
 499 
The proposed monitoring process, which integrates RS, GIS, and GOs, is plotted in Figure 9. The 500 
indicators, tools, and techniques, particularly those highlighted in red, were addressed in this research. 501 
This monitoring process, including indicators, tools, and techniques, can be used to monitor any 502 
recovery process following an earthquake anywhere in the world, and with some variations to monitor 503 
recovery processes following other phenomena. 504 
 505 
# Figures 9, about here # 506 
 507 
 508 
Discussion  509 
 510 
The major goal of this article was to develop a central spatial indicator of recovery that is based on 511 
building conditions that can be used at a finer scale.  512 
One indicator considered by Brown, Platt, and Bevington (2010) to be a sign of recovery was the 513 
presence of vehicles because their presence on the roads means that the road conditions are suitable and 514 
that there are urban facilities open. We also considered the possibility of including this indicator, but 515 
the available satellite data was not suited to this task. The different days of acquisition would be a 516 
problem for this kind of indicator since it is not possible to compare the peak hour traffic on a working 517 
day with, for example, traffic on a Sunday afternoon. The total reduction in the number of cars in the 518 
areas surrounding the L’Aquila city center can be seen from the differences between Figure 10a and b, 519 
and the gradual return to normality in Figure 10c and d. The reduction in the numbers of cars in L’Aquila 520 
was not related to the condition of the roads but to the fact that access to some of the streets was 521 
restricted between 2009 and 2012. The L’Aquila city center is now busy with machinery and with trucks 522 
carrying material for building reconstruction.  523 
 524 
# Figures 10, about here # 525 
 526 
In 2010, Brown et al. cast doubt on the effectiveness of using high-resolution imagery to collect data 527 
on other dimensions besides the physical and the environmental ones (Brown, Platt, and Bevington 528 
2010). Another disadvantage is the cost of the images, although these are still less expensive than 529 
deploying a ground survey in an affected area after 1, 3, 5, or 10 years to collect data on the progress of 530 
the recovery process. Recovery monitoring with high-resolution imagery is an effective way to 531 
accumulate information and experience concerning this kind of process because the data collection is 532 
one of the biggest obstacles for the analysis of a recovery process. One disadvantage that we 533 
encountered related to the availability of high-resolution images of L’Aquila, almost 5 years after the 534 
earthquake. No up-to-date image from at least 2013 was available from the archive, which meant that 535 
any image from that time would need to be tasked and costs for tasking a cloud-free image are relatively 536 
high. This was the main reason for selecting the latest available cloud-free image of L’Aquila, which 537 
was from September 2011.  538 
 539 
Our research has demonstrated how change detection using EO data can be incorporated into the 540 
recovery process. However, the variable viewing angle of multitemporal VHR images not only affects 541 
the accuracy but also leads to false positives in the change detection analysis. For instance, partly 542 
illuminated facades in one scene would increase the intensity and brightness values, which could be 543 
mistakenly detected as changes. This was the likely reason that 67 false positives were obtained (error 544 
of commission 45% and a user accuracy of 55%). The images should therefore preferably be acquired 545 
at nadir, and with similar sun angles. This was not the case for the available images and, because of the 546 
varying viewing angles and sun angles of the images, a large number of features had to be tested on the 547 
ground and strict rules put in place followed, not only to avoid false positives but also to improve the 548 
accuracy of the change detection.  549 
 550 
The RS classification rule sets applied in this research are more or less standard nowadays in OBIA, 551 
and we did not elaborate on them in detail. Instead, we investigated how these rule sets can be used to 552 
detect changes in the spatial dimension during the postdisaster phase. These changes are later integrated 553 
as variables into the spatial indicator “building condition,” which is one of the indicators used to monitor 554 
and evaluate the progress of a recovery process after an earthquake.  555 
 556 
On the basis of these results (the relatively low error of omission but high error of commission, and a 557 
higher detection rate than the initial visual analysis), the authors recommend an initial automated 558 
processing followed by detailed visual inspection of the detected changes. The time-consuming and 559 
costly visual inspections can thus be focused on specific areas, concentrating on thematic classifications 560 
and on identifying false positives indicated by the automated approach.  561 
 562 
The visual analysis is required in order to aggregate the semiautomated analysis results into the specific 563 
indicator categories, and then to check within each category for any false positives from the automated 564 
analysis. Conversely, the semiautomated analysis can support the visual inspection not only by 565 
detecting changes more rapidly (since the error of omission is low, i.e., below 20%) but also by helping 566 
to make the visual inspection more accurate (through a higher detection rate of changes in buildings) 567 
and more efficient (by allowing it to focus on the complex task of identifying and classifying the 568 
changes).  569 
 570 
The season in which an image was acquired can also be critical for change detection in both buildings 571 
and vegetation. The seasonal difference between the QuickBird data from 2006 (acquired in September) 572 
and the QuickBird data from 2009 (acquired in April) caused some problems when using a 573 
semiautomated method for shadow change detection to determine the location of collapsed buildings 574 
during the relief phase (Tiede 2010). The difference in foliation between the seasons can be appreciated 575 
in Figure 11.  576 
# Figures 11, about here # 577 
One of the problems with the visual and automated analysis of changes using QuickBird images is that 578 
only buildings with damage or changes in the roof can be counted as a change. It would be necessary 579 
to have data from digital aerial images (Maruyama, Tashiro, and Yamazaki 2010) or lidar and/or radar 580 
data (Bakker et al. 2004) to detect differences between the heights of buildings before and after the 581 
event, but even with these data sets we would not be able to detect damage to the structure or façade of 582 
a building that has not resulted in a (partial or total) collapse of the building or the building roof. 583 
 584 
The advantage of using QuickBird and/or Worldview satellite imagery is that the satellite can be 585 
programmed to a required location (such as to the area affected by an earthquake), and the images 586 
obtained are of a very high resolution that is suitable for detecting changes in buildings, in impervious 587 
areas, and in vegetation.  588 
 589 
Since the use and occupation of buildings in the L’Aquila city center changed dramatically immediately 590 
after the earthquake, another proposed indicator was the land surface temperature (LST), previously 591 
used by Feizizadeh and Blaschke to identify urban heat islands, and to establish their relationships to 592 
land use/land cover and air pollution (Feizizadeh and Blaschke 2013). However, we decided not to use 593 
this indicator since it is likely to be most significant in very crowded central business districts, which 594 
was not the case for the L’Aquila city center even before the earthquake. However, in other case study 595 
areas for postdisaster recovery the LST could be an indicator worth monitoring over the long term.  596 
 597 
Other possible indicators for monitoring progress in a postdisaster recovery process are the visible near-598 
infrared (VNRI) radiance (Mesev 2007) and the nighttime light radiance intensity and duration (Brown, 599 
Platt, and Bevington 2010). These are used to monitor the disruption and reconnection of power 600 
supplies, economic activity, and CO2 emissions (Brown, Platt, and Bevington 2010). The VNRI 601 
radiance (Mesev 2007) or nighttime light (Brown, Platt, and Bevington 2010) indicators for L’Aquila 602 
would have been interesting to monitor, particularly with respect to the city center. It should have been 603 
possible to observe the drop in economic activity in this part of L’Aquila following the earthquake in 604 
April 2009, and the subsequent gradual increase in activity from 2009 to 2014. However, civilian 605 
nighttime data is unfortunately only available at resolutions of 0.5–2.7 km (Brown, Platt, and Bevington 606 
2010), and in order to monitor the L’Aquila city center we would require a much higher resolution.  607 
 608 
The use of the satellite images to detect changes and thus to assess progress in postdisaster recovery is 609 
less expensive than deploying several survey teams to the whole study area 1, 3, 5, and 10 years after 610 
the event. However, using RS is also an expensive process (although not as expensive as ground 611 
surveys) not only because of the cost of the images but also because of the time required for processing 612 
and interpreting the data, and for programming rule sets for automated feature extraction.  613 
 614 
For the GOs, we used a similar method to that applied by Mills et al. (2010), but instead of using 615 
geospatial video we used geotagged photographs through the support of an external GPS receiver 616 
connected to the camera via Bluetooth. This allowed us to compare the changes in the physical condition 617 
of the buildings in the two intervals of the fieldwork visits (2010–2012 and 2012–2014). The 618 
comparison between the conditions of the buildings before the earthquake and in 2010 was done using 619 
the street photographs of L’Aquila before the earthquake available in Google Earth, and the pictures 620 
taken around the red zone during the first visit to the area in 2010. 621 
 622 
 623 
Conclusions 624 
 625 
 Changes were detected in buildings right across the L’Aquila city center. A visual analysis detected 43 626 
changes in existing buildings and a further 30 new buildings. The changes noted were categorized (in 627 
order of decreasing abundance) as debris removed, roof under repair, earthworks, buildings demolished, 628 
changes in roofs, building reconstructed, new roof, roof disassembled, or roof deteriorated. Most of the 629 
changes were related to activities belonging to the early recovery and recovery stages, but not to the 630 
development phase. The small number of reconstructed or new buildings in 2011 was discouraging, 631 
considering that this was 2 years after the earthquake.  632 
The 81 changes identified by the semiautomated analysis were categorized (in order of decreasing 633 
abundance) as new roof, roof under repair, roof deteriorated, debris removed, buildings demolished, 634 
building reconstructed, earthworks, changes in roof, roof disassembled, and grandstands painted. As 635 
was the case in the visual analysis, most of the changes corresponded to activities in the early recovery 636 
and recovery phases following the disaster. During our research, we encountered two problems 637 
detecting changes in buildings: the first was the absence of any up-to-date cadastral map for the city of 638 
L’Aquila, it was necessary to use the cadastral map from 2006 in the classification process, and the 639 
second was the difference in viewing and illumination angles between the images from 2009 and 2011. 640 
Despite the strict decision rules that we formulated to try and avoid errors due to these differences in 641 
viewing and illumination angles, we consider that they were the main reason for the 67 false positives 642 
in the semiautomated analysis. The semiautomated method recognized 81% of the changes, whereas 643 
the initial visual inspection identified only 43%, and a combination of both methods is therefore 644 
recommended in which the initial semiautomated inspection is followed by visual inspection and the 645 
categorization of the identified changes.  646 
 647 
Since the new buildings and temporary structures (such as temporary shelters) were not included in the 648 
cadastral map used for the initial classification, they could not be detected through the approach selected 649 
for the semiautomated analysis in this study. The algorithms used to detect changes in buildings were 650 
designed to only detect changes in buildings that were in existence prior to the event, and not to detect 651 
new buildings erected after the event. However, earthworks around new buildings and temporary 652 
structures for use as parking areas, or for pedestrian access, gardens, etc., were sometimes detectable in 653 
the semiautomated analysis as changes in impervious surfaces. 654 
 655 
 Other differences between results from the manual interpretation and those from the semiautomated 656 
analysis in the new roof, roof deteriorated, and buildings reconstructed categories could be explained 657 
by the person responsible for the visual analysis making use of firsthand knowledge of the area and 658 
personal experience (e.g., knowing where to look for changes in the area) and/or by the difficulty that 659 
the human eye experiences in detecting certain categories of change.  660 
Detecting changes in buildings thus requires the integration of semiautomated analysis and visual 661 
(manual) interpretation. The semiautomated analysis identifies the location and spatial distribution of 662 
changes, while the visual analysis allows the categories of the changes to be determined and new 663 
buildings to be identified. Both sets of results require validation by fieldwork.  664 
 665 
The validation by fieldwork revealed that changes detected in buildings did not necessarily indicate 666 
positive progress in every instance. Where changes in buildings were detected through the 667 
semiautomated analysis, and where any changes in the façades of buildings were observed on the 668 
ground during the 2014 fieldwork, we concluded that the change detected was related to deterioration 669 
rather than to any repair or reconstruction. This revealed the importance of validating RS results through 670 
GOs in order to determine in which areas the changes detected did not indicate any positive progress 671 
but were instead the result of further deterioration in structures that had been damaged by the earthquake 672 
and not subsequently repaired or reconstructed.  673 
 674 
By integrating the data collected using both visual and semiautomated analysis of satellite images 675 
covering L’Aquila, it was possible to increase the number of variables used for change detection and to 676 
make some of them more detailed in order to complete the building condition indicator of the 677 
postearthquake recovery index. One of the main contributions of the semiautomated analysis was to 678 
make it easier to detect fine-scale changes such as a new roof, changes in a roof, a roof under repair, a 679 
disassembled roof, removed debris, and a deteriorated roof. These changes would be detectable neither 680 
in a first-pass visual inspection nor through GOs.  681 
 682 
The limitations in RS with respect to satellite imagery resolution and the use of semiautomated analysis 683 
to extract the number of vehicles on the streets in a postdisaster area can be resolved through 684 
observations from fieldwork, as demonstrated by the photos in Figure 10. These images illustrate the 685 
gradual return of cars to the L’Aquila city center without having to resort to counting the number of 686 
vehicles circulating in each of the streets.  687 
 688 
The use of RS offers the possibility to reduce or delimit more efficiently the area to be covered by 689 
fieldwork. It allows changes to be located and, following validation by fieldwork, control points to be 690 
generated for the subsequent phases without the need to inspect the entire area affected on a year-by-691 
year basis.  692 
 693 
The high level of reliability in the changes detected using semiautomated analysis means that it is 694 
possible to use this tool to monitor changes within specific areas, using them a control points for the 695 
recovery progress. If the budget and available time are limited, the fieldwork can be replaced by the 696 
detection of changes using satellite images.  697 
 698 
To monitor a recovery process, it is necessary to combine GIS, GOs, and RS for a more holistic data 699 
collection and in order to evaluate the progress of the postdisaster recovery.  700 
 701 
The use of geospatial video and/or geotagged photographs increases not only the efficiency of the data 702 
collection during fieldwork but also the mapping accuracy in GIS of the condition of the buildings over 703 
time. Therefore, geospatial video and geotagged photographs constitute an essential tool for the GOs. 704 
This method allows accumulating knowledge and experience of each recovery process after a disaster 705 
in order to later compare them and discover the common and the particular drivers of the recovery in 706 
each case. 707 
 708 
 709 
Recommendations  710 
 711 
Damage indication maps based on very high-resolution imagery are a valuable tool for the emergency/ 712 
disaster management professionals, helping them to decide where to deploy search and rescue task 713 
forces, as well as building inspection teams, during the postdisaster relief phase. Researchers will also 714 
benefit from available earthquake damage scenarios (DPAE 2006) for the affected area because the 715 
damage indication maps will be a tool to validate the model to develop these damage scenarios. In the 716 
case of urban planners, the damage indication maps will allow them to focus on the vulnerability 717 
conditions that made the disaster possible in some specific areas of the city, and elaborate on them in 718 
order to end up with a more resilient city after the recovery process.  719 
● RS is an efficient tool during the relief phase following a disaster and can be used to identify areas 720 
with a high degree of damage, which can then be displayed in a damage indication map. However, 721 
during the early recovery, recovery, and development phases, where a high level of detail is required in 722 
order to monitor progress in the social, economic, institutional, and cultural dimensions, ground surveys 723 
may be a better option as they are able to ensure a high degree of reliability in the information collected, 724 
although it may still be possible to derive relevant information from high-resolution images through the 725 
use of proxy indicators. 726 
 ● We suggest combining a rapid semiautomated change identification method with a subsequent visual 727 
inspection of the results. Our automated analysis yielded a higher detection rate than the visual 728 
inspection, especially for small-scale changes, with a reasonably low error of omission. The subsequent 729 
visual inspection is able to focus on the indicated changes in order to remove false positives and to 730 
categorize the changes. The detection of new buildings could in future also be supported by an 731 
automated routine, if required.  732 
● Semiautomated analysis is also important for identifying changes in impervious surfaces (such as 733 
new roads, sidewalks, parking lots), gardens, parks, football grounds, swimming pools, earthworks, and 734 
so on, and also to observe, for example, whether or not temporary shelters have been removed, and to 735 
monitor the progress of infrastructure repair following the event. Changes in impervious surfaces may 736 
reflect variables that can subsequently be integrated into a physical indicator of infrastructure condition 737 
as part of a recovery index following an earthquake.  738 
● The satellite images that are compared in order to detect changes in the built-up environment or to 739 
count vehicles (by either visual or automated analysis) should be acquired between the end of autumn 740 
and early spring, when there is no foliage on the trees. Conversely, images used to detect changes in 741 
vegetation should be acquired between the end of spring and the beginning of autumn, when the trees 742 
are in full leaf.  743 
● During the early recovery, recovery, and development phases, the indication maps can continue to 744 
provide valuable assistance for the urban planning departments in charge of the recovery process to 745 
decide which areas require continued monitored, which areas require a special focus, and which areas 746 
to target for ground surveys 5 or 10 years after the emergency, thus avoiding wasting resources by 747 
unnecessarily monitoring the entire affected area.  748 
● Although an earthquake may not have any effect on vegetation, we consider that detecting changes 749 
in vegetation can assist in identifying progress in the development phase (5 and 10 years after the 750 
earthquake), reflected in an increase or decrease in urban green areas, urban open spaces, or trees within 751 
the affected area. Green areas provide habitats for biodiversity, clean air and water, help to regulate the 752 
temperature, contribute to the well-being of inhabitants, and contribute to the attractiveness of an area 753 
(with consequent increases in house prices).  754 
● It is important for countries, cities, and towns to keep their cadastral data up-to-date. This data, 755 
combined with satellite imagery, is essential for the production of accurate damage indication maps 756 
during the relief phase and for the production of change detection maps during the early recovery, 757 
recovery, and development phases.  758 
● Another form of data that can be used for visual analysis is time series data, available for free in 759 
Google Earth (where data is available). Time series can provide a useful indication of both changes and 760 
progress in a postdisaster recovery process.  761 
● The proposed methodology based on the integration of RS, GIS, and GOs to monitor and evaluate 762 
the progress of the recovery after earthquakes can also be applied to monitor the recovery process after 763 
other kinds of phenomena, based on other kinds of spatial indicators. For instance, changes in vegetation 764 
could be a spatial indicator for assessing the ecological impact of wildfires, hurricanes, tornadoes 765 
(Curtis and Mills 2012), floods, and then to monitor the recovery of the territories affected by them 766 
(Brown, Platt, and Bevington 2010).  767 
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Figure 1. Case study area: L’Aquila (Italy). (a) Location. Source: Google Earth – QuickBird/DigitalGlobe, distributed by 
European Space Imaging on 11 September 2011. (b) Map of the ground motion intensity during the earthquake in L’Aquila. 
Source: USGS. 
 
 
 
Figure 2. Damage indication following the earthquake in L’Aquila. From Tiede (2010, p.6). 
 
 
Figure 3. Integrated monitoring scheme for assessing recovery in L’Aquila. 
 
 
Figure 4. Integrated methodology for monitoring the progress of recovery in L’Aquila. 
 
 
Figure 5. Results from visual analysis of changes in L’Aquila between 2009 and 2011. 
 
 
Figure 6. Location of changes in buildings between 2009 and 2011, following the earthquake in L’Aquila (heat map). 
Source: Based on QuickBird/DigitalGlobe, European Space Imaging on 11 September 2011. 
 
 
Figure 7. Changes in buildings between 2009 and 2011 following the earthquake in L’Aquila. (a) Changes detected through 
manual interpretation. Source: Based on QuickBird/DigitalGlobe, European Space Imaging on 11 September 2011. (b) 
Changes validated during fieldwork in 2014. Source: Adapted from Servizio per l’Informazione Territoriale e la Telematica - 
Ufficio Sistema Informativo Geografico-Regione Abruzzo. 
 
 
Figure 8. Changes in buildings between 2009 and 2011 following the earthquake in L’Aquila. (a) Changes detected through 
semiautomated analysis. Source: Based on QuickBird/DigitalGlobe, European Space Imaging on 11 September 2011. (b) 
Changes validated during fieldwork in 2014. Source: Adapted from Servizio per l’Informazione Territoriale e la Telematica - 
Ufficio Sistema Informativo Geografico-Regione Abruzzo. 
 
  
Figure 9. Integrated monitoring model of RS-GIS-GO to assess postdisaster recovery. 
 
 
Figure 10. Vehicles in Via Fontesecco, L’Aquila, in 2008, 2010, 2012, and 2014. (a) August 2008 (before the earthquake). 
Source: Photo from Google Earth. (b) 2010, 1 year after the earthquake. (c) 2012, 3 years after the earthquake. (d) 2014, 5 
years after the earthquake. Source: Photos (b) to (d) by Diana M. Contreras M. 
 
Figure 11. Foliage next to buildings on via XX Settembre, L’Aquila: (a) April 2010; (b) September 2012. 
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Table 1. Monitoring schedule of the post-disaster recovery progress in L’Aquila (Italy). 
 
 
 
 
Table 2. Number of changes in buildings detected through the visual analysis versus semiautomated analysis. 
 
 
 
Table 3. Spatial variables of the recovery indicator: building condition. 
